Urban dust pollution has been becoming an outstanding environmental problem due to rapid urbanization in China. However, it is very difficult to construct an urban dust inventory, owing to its small horizontal scale and strong temporal/spatial variability. With the analysis of visual interpretation, maximum likelihood classification, extrapolation and spatial overlaying, we quantified dust source distributions of urban constructions, barrens and croplands in the Guanzhong Basin using various satellite data, including VHR (0.5 m), Lansat-8 OLI (30 m) and MCD12Q1 (500 m). The croplands were the dominant dust sources, accounting for 40% (17,913 km 2 ) of the study area in summer and 36% (17,913 km 2 ) in winter, followed by barrens, accounting for 5% in summer and 10% in winter. Moreover, the total constructions were 126 km 2 , including 84% of active and 16% inactive. In addition, 59% of the constructions aggregated on the only megacity of the study area, Xi'an. With high accuracy j o u r n a l h o m e p a g e : w w w . e l s e v i e r . c o m / l o c a t e / s c i t o t e n v WRF-Dust model Urban dust source Satellite data exceeding 88%, the proposed satellite-data based method is feasible and valuable to quantify distributions of dust sources. This study provides a new perspective to evaluate regional urban dust, which is seldom quantified and reported. In a companied paper (Part-2 of the study), the detailed distribution of the urban dust sources is applied in a dynamical/aerosol model (WRF-Dust) to assess the effect of dust sources on aerosol pollution.
H I G H L I G H T S
• VHR satellite data is used to quantify the regional construction distributions • A method is established to estimate the regional dust sources • Each procedure of proposed method is evaluated by error spread analyses • The results are applied in a dynamical/ aerosol model for urban dust assessment
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Introduction
Over the past decades, China has been experiencing rapid urbanization in an unprecedented scale with urban areas increasing exponentially more than 2 times from 1990 to 2010 (Wang et al., 2012) . The rapid growth in such a short period has resulted in serious environmental problems, in particular the severe particulate air pollution. Meanwhile, dust particle has been recognized as an important source of particulate matter in many Chinese cities (Shen et al., 2007; Su et al., 2014; Wang et al., 2015a) , which is particularly an issue for the Guanzhong Basin (Shen et al., 2009; Shen et al., 2011; Huang et al., 2014; Zhang et al., 2014; Wang et al., 2015a) , where large construction activities are ongoing due to the 'China western development' policy. Numerous works indicate that construction dust emission plays a significant role of the air pollution, especially in urban areas (Ni et al., 2012; Wang et al., 2015a; Wang et al., 2015b) .
However, evaluation of emission factors from the construction activities is still a challenging task (Muleski et al., 2005) . Relevant studies are still very scarce. For example, the chapter "Heavy Construction Activities" in the U.S. Environmental Protection Agency's (EPA) emission factor handbook (U.S. EPA, 1995) has remained the same since 1975. Detailed dust emissions from construction activities have not been included in the dust inventory from previous studies, leading to difficulties in estimating the true impact of urban dust particles on air quality and aerosol. Until now, the urban dust sources are not well understood, due to its strongly temporal and spatial variations, especially for the source of constructions, which required the in-situ information of construction activities to assess their emission distribution. Generally, field survey of the construction activities are characterized with low efficiency and high cost, especially in city-or regional-scale. Fortunately, the very high-resolution (VHR) optical satellite observations can provide 1 m or better spatial resolution. In particular, they have been widely used to estimate the ground damage in earthquakes (Saito et al., 2004; Saito et al., 2005; Brunner et al., 2010; Laigen Dong, 2013) . The remote sensing technology provides an efficient and cost-effective approach to evaluate the regional construction activities.
In this study, we proposed a reliable satellite-data based method to quantify the urban dust emission sources including constructions, croplands (cropland with crops) and barrens (croplands without crops, unpaved roads, bare beaches, and other sparsely/none vegetated lands), through which urban dust pollution can be evaluated in regional scale. It is worth noting that we did not clearly clarify road dust source, especially excluded the vehicle-derived road dust source, which currently has a large uncertainty related to emission factors and vehicle kilometers traveled. Three kinds of remote sensing data with different resolutions were applied, including the VHR data from commercial supplier, the Landsat-8 Operational Land Imager (OLI) data, and the most widely used product of Moderate Resolution Imaging Spectroradiometer Terra + Aqua Combined Land Cover Type product (MCD12Q1). The objectives of this study were to capture the gridded intensities of dust sources, as well as to offer crucial data support to regional quantification assessment of urban dust by the use of numerical model (WRF-Dust), which will be elaborated in a companied paper (Part-2 of the study).
Materials and data

The study area
The study area is in the center of China ( Fig. 1a) , with the Tsinling Mountain located in the south part. Meanwhile, the middle and north distributed the Guanzhong Basin ( Fig. 1b ), which is one of the most important grain production bases of China. As one of the most important cities, Xi'an (the only megacity with a population of 8 million and the Selected VHR data using for urban-1 dust source extraction. Pan means panchromatic. CE90 stands for circular error at 90% probability, representing positional accuracy, exclusive of terrain effects, which means that the location of objects in the image is 90% of the time within this accuracy provided that the study area does not contain much terrain relief.
Satellite
QuickBird GeoEye-1 Worldview- area of 988 km 2 ) was highlighted as urban-1 region ( Fig. 1b ). Other urban areas were classified as urban-2 districts, and the rest parts of the research domain were treated as the rural regions.
Satellite data
The VHR data
The urban-1 dust sources of constructions and barrens were extracted from the cloud free and georectified VHR data of QuickBird, GeoEye-1, Worldview-2, and Pleiades-1, which were bought/obtained from the image supplier (https://apollomapping.com/imagery/high-resolutionimagery/) without further rectification. According to their announcement, GEO products are said to have CE90 (Circular Error at 90% probability) positional accuracies of 23 m for QuickBird, 10 m for Geo-Eye-1, 3.5 m for Worldview-2, and 4 m for Pleiades-1 (Table 1) . Moreover, 200 m were overlaid in the co-boundary of each polygon to avoid the gaps of different sensors.
Landsat-8 OLI data
Considering the temporal/spatial coverage and data quality, two groups of Landsat-8 OLI images with the least cloud contaminations during or near the seasons were chosen to representing cases of summer and winter (Fig. 2) . In summer case, we selected the images with the 2nd Worldwide Reference System (WRS-2) path-rows of 126-36 on 2013-08-21, 127-36 on 2013-09-13 and 128-36 on 2013-08-09. While in winter case, we chose images with the WRS-2 pathrows of 126-36 on 2013-12-27, 127-36 on 2014-01-03 and 128-36 on 2013-12-09. The data were open access on the website of U.S. Geological Survey (http://earthexplorer.usgs.gov/). Unfortunately, the OLI data cannot completely cover the research domain, with existence of 'No Data' regions (b 3%) in south part of study area. Moreover, cloud contaminations existed in the summer images with the path-row of 128-36. Nevertheless, the cloud contaminations and 'No Data' areas within the research domain mainly located in Tsinling Mountain, which is a typical forest covered district. Hence, the existing shortages of OLI data would have little impact on the results of dust source distributions in the Guanzhong Basin.
MCD12Q1 data
The MCD12Q1 describes the properties of land cover that are derived from observations spanning a year's input of Terra-and Aqua-MODIS. We obtained the newest version (2012) of MCD12Q1 product, which can be freely downloaded from the website (https://lpdaac. usgs.gov/data_access/data_pool/). It is treated as the result of 2013 because the cropland is always with few changes in regional scale and for one year time interval. 
Methods
Flow chart
Fig. 3 displays the data processing flow of the satellite-data based method to generate gridded dust source intensities in the Guanzhong Basin, including constructions, croplands and barrens. Overall, the proposed method includes four direct analyses processing of satellite data (stressed by blue dashed box) and three further analysis procedures, involving the extrapolation and two procedures of spatial overlay analysis. The distributions of constructions and barrens in urban-1 region were extracted based on the VHR data. Thereafter, urban-2 dust sources were extrapolated by combining urban-1 results with urban-2 build-up area distributions. Meanwhile, the rural barren distribution was acquired from the maximum likelihood classification of OLI data. Additionally, the cropland distribution was received from the MCD12Q1 product by excluding the barren part.
It is worth noting that the urban dust sources were assumed to be constant for the whole year, whereas the distributions of barren and cropland contained two scenarios of summer and winter because of the seasonal difference of vegetation coverages.
Urban-1 dust source interpretation
The most important and fundamental task of visual interpretation is to establish the accurate interpretation keys. Combining the field investigation and constructions' feature, the interpretation signs, i.e. building tower, simple house, sparsely/none vegetated land and unpaved road, are established, which were based on two obvious cases of Pleiades-1 image displayed in Fig. 4 . Each construction site was marked on VHR data by using standard GIS software. In terms of the skills required, the interpreter should have some experience in visual interpretation and GIS data management skills. A field investigation was conducted to estimate the performance. 3.3. Urban-2 build-up area interpretation and dust source extrapolation Generally, visual interpretation is still an accurate method build-up area, and Landsat data is successfully used to generate build-up areas by Wang et al. (2012) . In present study, build-up areas were captured from Landsat-8 OLI data. Thereafter, the results were compared with areas generated from Google Earth, including the typical cities of Xianyang, Weinan and Tongchuan.
Since the VHR data with good quality is not enough to cover the research domain, the extrapolation behavior is a feasible way to quantify urban-2 dust sources. Meanwhile, it is reasonable to assuming that the Factor source-1 is equal Factor source-2 because the urban-2 and urban-1 areas are all distributed in the Guanzhong Basin and located in the Shanxi Province. What's more, the urban-2 areas are scattered distributed in the research domain, we assumed that the urban-2 dust sources are evenly distributed. Thus the distributions of urban-2 dust source were calculated by:
where D urban -2 stands for the distribution of urban-2 build-up areas;
Factor source-1 were computed by the formula (2), representing the ratios of related dust source in urban-1 region.
where Area source -1 stands for the total areas of each urban-1 dust sources, including active construction, total construction and barren. Area urban-1 is the total area of the entire urban-1 areas (988 km 2 ).
Rural barrens using MLC classification
The maximum likelihood classifier (MLC) has been the most popular parametric classifier used for remote sensing data classification (Foody et al., 1992; Foody, 2013) . The MLC assumes that a hyper-ellipsoid decision volume can be used to approximate the shape of the data clusters. Moreover, for a given unknown pixel, the probability of membership in each class is calculated using the mean feature vectors of the classes, the covariance matrix and the prior probability (Strahler, 1980) . The unknown pixel is considered to belong to the class with the maximum probability of membership. Numerous works have been used Landsat satellite data land cover classification (Gumma et al., 2011; Gong et al., 2013) , and the new Landsat-8 OLI data (launched in Feb., 2013) is also reported with a satisfactory performance (Jia et al., 2014) . Rural barren was extracted from OLI data using the MLC. Additionally, the confusion matrixes of land cover classification, including overall accuracy and kappa coefficient, were used to assess the results.
Spatial overlay analyses
The key idea of spatial overlay is that data fields are assigned from an underlying data layer to an overlay layer. In this study, rural croplands were captured by overlaying the input layer of barrens distribution to the overlay layer of crops from MCD12Q1. Then, pixels specified as crop and not barren was gathered to get the cropland distributions in summer and winter.
Another spatial overlaying was to get the gridded intensities of each dust source, which were extracted by overlaying layers of dust source distributions to grid cells. Then, they were calculated by: where i and j are grid line and column number of the domain defined by WRF-Dust model; AreaX i , j stands for the total area of active constructions, total constructions, barren or cropland within the specified grid. Area_Grid i ,j is the area of the specified grid.
Error spread analyses
It is well known that the error spread rule can be used to evaluate the result error based on the dependent variable. For the function z = f(x 1 ,x 2 , …,x m ), the error of z and error of x i has the following relationship:
where δ z represents the error of the dependent variable z; δ i stands for the error of independent variable x i and ∂z ∂x i is the differential of z to x i .
In this study, three further analysis procedures were evaluated based on the error spread rule, including the urban-2 dust source extrapolation, spatial overlay analysis of rural cropland and gridded intensities of the research domain.
In view of formulas (1), (2) and (4), the overall accuracies of urban-2 dust source can be calculated by:
where Area urban-2 represents the entire urban-2 area; Area urban-1 stands for the entire urban-1 area; Factor source-1 represents the ratios of each urban-1 dust sources. δ Area_source-1 is the error of urban-1 dust sources and δ Area_urban-2 is the error of urban-2 build-up areas. Moreover, we estimated the rural cropland distributions using an indirect way based on the relationship as follows:
Cropland¼Crops−Crops barren ð6Þ
where Cropland stands for rural cropland distribution of pixels specified as crops and not barren; Crops represents the crop distribution resulted from MCD12Q1 and Crops_barren is the distribution of pixels specified as crops and barren. It is notable that we evaluated the performance of Crops_barren by:
where δ Crops 2 is the error of crops resulted from MCD12Q1 and δ Barren 2 represents the error of rural barren.
Finally, the overall accuracies of gridded intensity were calculated based on formula (3) and formula (4). Fig. 7 . The agreement between the interpretation results from OLI data and with the corresponding high-resolution images in Google Earth. The OLI data over of (a 1 ) Tongchuan city, (b 1 ) Xianyang city, and (c 1 ) Weinan city was acquired on 2013-09-13, whereas the related hi-resolution Google Earth images were acquired on 2013-08-29 of (a 2 ) Tongchuan and (b 2 ) Xianyang, and on 2013-08-19 of (c 2 ) Weinan. The boundary of urban-2 regions is shown in dark in OLI data, and displayed in yellow in Google Earth images.
Results
Urban-1 dust source distribution
Fig . 5 shows the distributions of constructions and barrens in urban-1 region, also with field investigation verification. The total constructions were 75 km 2 , accounting for 7.5% of the entire urban-1 area. Active constructions were classified at the same time, accounting for 84% of total constructions. The total of barrens were 23 km 2 , accounting for 2.3% of the entire urban-1 region. Furthermore, a 1 km spatial buffer along the route of the field survey was used to estimate the performance. The VHR satellite data based dust source interpretation performed well with overall accuracy of 91%. Additionally, the overall accuracies of each dust source were 90% for active construction, 91% for total construction and 92% for barren (Table 2) .
Urban-2 dust source distribution
Depending on the formula (1), the total dust sources were 43 km 2 for active constructions, 51 km 2 for total constructions, and 16 km 2 for barrens. Their distributions were the same with the build-up areas due to the evenly distributed assumption (Fig. 6) .
The accuracies of urban-2 results were determined by the performance of urban-2 build-up areas and the related dust sources in urban-1 region ( Table 2) based on error spread rule. Meanwhile, compared with urban-2 typical cities' areas (Tongchuan, Xianyang and Weinan) generated from Google Earth (Fig. 7) , build-up areas from OLI data were average less 7%, which were consistent with the similar work reported (10%) by Wang et al. (2012) . Thereafter, the overall accuracy of urban-2 build-up areas was estimated to be 93%. In summary, the overall accuracies of urban-2 dust sources were 93% for active constructions, 94% for total constructions and barrens, which were calculated by formula (5). Fig. 6 shows the land cover classification results of the OLI data using MLC classifiers, involving rural barren distributions. The total barrens were 2281 km 2 in summer and 4380 km 2 in winter. In view of the confusion matrixes for land cover classification, the overall accuracies were 94% for the summer case and 95% for the winter result, with the overall averaged kappa coefficient of 0.92 (Table 3) . These were consistent with the similar work reported by Jia et al. (2014) , which displays with the user's accuracy of 94% for bare land in Beijing.
Rural dust source distribution
Barrens
Croplands
The entire year total crops were 20,038 km 2 , which were generated from the MCD12Q1 IGBP (International Geosphere Biosphere Program) classification and reported with the user's accuracy of 93% (Friedl et al.,2010) . Thereafter, the cropland distributions were extracted from this crop distribution by excluding barrens. The total croplands were 17,913 km 2 in summer and 16,090 km 2 in winter. The results revealed the overall accuracies of 88% in summer and 89% in winter, which were estimated using an indirect way based on formulas (4), (6) and (7).
Dust source intensity in the research domain
Gathering up the results of urban-1, urban-2 and rural regions, the overall accuracies and total areas of each dust sources were summarized in Table 4 . The croplands were the dominant covering, involving 17,913 km 2 in summer and 16,090 km 2 . It was followed by the barrens, involving 2319 km 2 in summer and 4418 km 2 in winter. While the urban constructions were much less, involving active constructions of 106 km 2 and total constructions of 126 km 2 .
Depending on spatial overlay analysis, the dust source distributions were converted to gridded intensities (I_X i , j ) of construction, barren and cropland by formula (3) (Fig. 8) . Notably, I_X i , j represented the emission potential of the specified dust source in each grid whose value interval was between [0, 1]. The larger I_X i ,j , the higher dust emission potential. The result shows that the high value of I_X i,j occurred in the Guanzhong Basin, whereas very low or even zeros I_X i,j distributed in Tsinling Mountain. Moreover, the cropland revealed the highest intensities, with overall average value of 40% in summer and 36% in winter (Fig. 8c) , followed by the barrens, with the average value of 5% in summer and 10% in winter (Fig. 8b) . However, the constructions displayed with low value of I_X i , j with a small overall average value (b1%), but with a handful of peak value bigger than 80% (Fig. 8a) .
Simultaneously, considering area of each grid with 1 km 2 , the overall accuracies of I_X i , j were numerical equal to that of the distributions based on formula (3) and formula (5). The overall accuracies of each dust source performed well with high accuracy greater than 88% (Table 4 ).
Discussion
Spatial and seasonal variations
We found the gridded intensities (I_X i,j ) of dust sources revealed obvious spatial variations (Fig. 8) . First, almost all the dust sources were distributed in the north part, while lower intensities occurred in the south part. These were consistent with the scope of human activities, owning to sparsely populated region of the Tsinling Mountain, where was covered by the evergreen forest. Another interesting spatial variation was the strong opposite correlation of barren ( Fig. 8b) and cropland (Fig. 8c ). Namely, both in summer and in winter, the higher/lower I_X i ,j barren pixel corresponds to a lower/higher I_X i , j cropland pixel. Here, we suggested that this was due to the farmland fallow or abandon. Moreover, it is worth noting that the constructions aggregated in the Xi'an city (Fig. 8a) , accounting for 59% of the whole constructions, whereas the urban area only accounts for 2% of the entire domain. Such dense distribution of constructions resulted in the risk of dust pollution in urban district and surrounding areas.
Another major finding was that the croplands and barrens revealed interesting season variations. The croplands in summer was 1824 km 2 larger than that in winter ( Fig. 8c ), reflecting that 1824 km 2 croplands in summer converted into barrens due to slack farming in winter. However, the barrens in summer were 2099 km 2 lower than that in winter ( Fig. 8b ). So where did the redundant 275 km 2 barrens in winter come from? We wish to suggest that this inconsistent may be driven by the wild vegetation-covered area converting to barrens because summer is a more suitable period for growing than winter. Additionally, all the croplands and barrens were distributed all over the Guanzhong Basin in summer and in winter.
In view of spatial and seasonal variations, we found that barren and cropland performed considerable dust emission potentials all over the Guanzhong Basin and all the year round. Meanwhile, they were with strong opposite spatial correlation. Furthermore, constructions exhibited high dust emission potential in urban district and surrounding areas, especially in the city of Xi'an, where aggregated most of the constructions (59%). The dust emission potential reveals prominent seasonal variations for barrens, whereas reflecting general seasonal variations for croplands.
Emission potential
It is notable that big differences of dust emission potential existed in various types of dust sources with an equivalent I_X i , j , which was reported as erosion factor by Grini et al. (2005) . Indeed, the erosion factor is set to 0.5 for barren and 0.12 for cropland in the regional chemical model WRF-Chem (version 3.2) (Grell et al., 2005) . Moreover, we wish to suggest that construction dust emission potential was much higher than that of barren, especially for active construction areas. The dust emission potential of constructions resulted from not only wind erosions (higher than that in barren areas), but also human operations (U.S. EPA, 1995; Muleski et al., 2005; Pianalto and Yool, 2013) . Besides, the highly aggregated distribution highlighted the construction dust pollution potential. Therefore, we concluded that all the dust sources of constructions, barrens and croplands were crucial sources, though constructions were only with small proportion of the study area.
Conclusion
The constructions, barrens and croplands were crucial sources for urban dust in the Guanzhong Basin. Constructions exhibited high dust emission potential in urban district and surrounding areas, especially in the Xi'an city. Barrens and croplands performed considerable dust The overall accuracy and total areas (km 2 ) of each dust source, including in urban-1, urban-2, rural regions and the research domain. (4418) emission potentials with strong opposite spatial correlation in the Guanzhong Basin. Moreover, higher dust emission potentials revealed in summer for barrens, but appeared in winter for croplands. All the data processing procedures performed well, involving direct analysis processing accuracy greater 90% and further analytical procedures accuracy exceeding 88%. Meanwhile, the satellite data had reasonable costs, widespread coverage and high spatial and temporal resolution, expanding the feasible and valuable of proposed method. This study has proposed a satellite-data based method to quantify distributions of dust sources, especially for construction distribution, which is seldom quantified and reported in regional scale. Moreover, it proposes a new perspective to quantify regional assessment of urban dust on aerosol pollution using a dynamical/aerosol model (WRF-Dust).
